Metabolic fingerprinting, a sub-field of metabolomics, has been a fast-growing field in metabolic analysis in recent years. 1 The purpose of metabolic fingerprinting is to classify samples based on spectral features, and to elucidate relationships between the acquired metabolic features (obtained from spectral data) and different metabolic pathways originating from different genetic entities. Metabolic fingerprinting mainly involves the rapid classification of metabolic features, rather than individual metabolite identification; 2 therefore, a large number of samples would be employed to perform a necessary study.
Introduction
Metabolic fingerprinting, a sub-field of metabolomics, has been a fast-growing field in metabolic analysis in recent years. 1 The purpose of metabolic fingerprinting is to classify samples based on spectral features, and to elucidate relationships between the acquired metabolic features (obtained from spectral data) and different metabolic pathways originating from different genetic entities. Metabolic fingerprinting mainly involves the rapid classification of metabolic features, rather than individual metabolite identification; 2 therefore, a large number of samples would be employed to perform a necessary study.
In this research, we performed a feasibility study for the fast determination of strawberry ripeness stages using IR spectroscopy. The choice of an optimal harvesting period is very important to increase fruit quality and to determine the proper period for storage; therefore, the degree (or stage) of ripeness must be determined with reliable objectivity. In the case of strawberries, it is mostly determined by a simple examination of the pericarp color. The ripeness of fruit flesh is actually related to changes of the cell-wall components; however, because the pericarp color is mostly governed by a series of flavonoid compounds, examining the pericarp color is an indirect method. Several research papers have described the metabolic fingerprinting of strawberries using UPLC-QTOF-MS and tomatoes using GC-MS at several growth steps in conjunction with principal component analysis (PCA). 3, 4 These methods were successful in studying the growth step by separating and analyzing extracted compounds; however, it is difficult to employ when a fast and high throughput analysis is required.
To develop a new analytical methodology that is fast and requires minimal sample pretreatment without a separation step, we have uniquely utilized infrared (IR) spectroscopy for the determination of the ripeness stage of strawberries using dried extract samples. IR spectra can be automatically collected over a silicon slide where large numbers of samples are regularly spotted; therefore, high throughput analysis can be realized. Near-infrared (NIR) and Raman spectroscopy can be effectively utilized for the same purpose; however, inherent low sensitivity and fluorescence, especially from natural products greatly dilute the advantages of these spectroscopic methods, respectively. IR spectra were collected using dried extracts from freezedried strawberry samples at different ripeness stages. The resulting IR spectral feature overlaps significantly due to compositional complexity from hundreds of extracted metabolites without separation; therefore, we have also employed principal component analysis (PCA), 5 The utility of infrared (IR) spectroscopy for the determination of strawberry ripeness has been successfully demonstrated. Transmission IR spectra were collected using dried liquid extracts from strawberry flesh. The overall IR feature provided fairly noticeable differences, and the ripeness stage was clearly identified using principal component analysis (PCA). Although all of the extracted components contributed to the resulting spectral features for discrimination, the variation of carbohydrate and amide residues played a major role for providing the selective spectral feature. Additionally, NMR spectra were also collected to quantify the concentrations of three small sugars (α-glucose, β-glucose and sucrose) as well as to evaluate the NMR spectral features at each ripeness step. The concentrations of three sugars increased from early to late growth stages. Both IR and NMR spectroscopies were valuable to elucidate the metabolic signatures for the determining of ripeness stage; however, IR spectroscopy could be more advantageous when fast and high throughput analysis is essential. spectral features in a simple score domain. PCA has been useful for metabolic fingerprinting, such as the taxonomic discrimination of microorganisms and higher plants 6,7 using IR spectroscopy. Noticeable differences among ripeness stages were observed with the use of PCA. In addition, NMR spectra were also collected to provide supplementary information to support IR fingerprinting of different ripeness stages.
Experimental

Sample preparation
Twelve strawberry samples (Fragaria ananassa Duch. Cv. Maehyang) were obtained and divided into four different ripeness stages by their appearance (pericarp color): yellowgreen (YG, 4 samples), pink-green (PG, 4 samples), pink (P, 3 samples) and red (R, 1 sample). The inner strawberry flesh without pericarp was collected and then freeze-dried. After being ground to fine powders, the samples were stored at -70˚C.
Fifty milligrams of a powdered sample and 1.0 mL of extraction solvent (water (80%):methanol (20%)) were mixed into an Eppendorf tube. Then, the solution was voltexed for 10 min at 50˚C in a water bath and centrifuged for 5 min at 12000 rpm. Five microliters of a supernatant solution were dropped onto a silicon plate (for high throughput IR spectral collection) and allowed to dry for 15 min at 30˚C.
IR spectral collection and spectral processing
IR spectra were collected with the use of a Bruker Tensor27
FT-IR spectrometer equipped with an HTS-XT high-throughput and automated collection system. A globar source and DTGS detector were used. Three spectra were acquired for each sample, and each IR spectrum corresponded to the accumulation of 128 scans with a resolution of 4 cm -1 . All of the calculations, including baseline correction, normalization and PCA, were accomplished using Matlab Ver. 7.0 (The MathWorks Inc., MA, USA).
NMR spectral collection
The sampling procedure for NMR spectral collection was the same as that for IR, except for using a deuterated solvent (80% D2O and 20% CD3OD) containing 0.005 wt% TSP (3-(trimethylsilyl)propionic-2.2.3.3-d4 acid) as an internal standard. The supernatant solution after centrifuging was directly measured at 25˚C (without evaporation of the solvent). NMR spectra were collected using a Varian UNITY 500 MHz spectrometer equipped with a linear amplifier in the observe transmitter channel. Each spectrum was acquired by co-adding 32 repetition scans. The HOD peak at 4.76 ppm was presaturated so as to eliminate spectral overlapping.
Results and Discussion
IR spectral feature and PCA
The sample thickness at each measurement spot might not be constant throughout dried samples, although the same amount of liquid extract was applied onto a silicon slide; therefore, the absorption magnitude of the collected spectra could be changed due to the variation of the pathlength, rather than a concentration or compositional change. This kind of unwanted spectral variation should be minimized, or removed, for accurate metabolic fingerprinting.
Figure 1(a) shows raw IR spectra of all the samples. The most noticeable observation among the samples is the baseline variation along with the changes in the spectral magnitude. The baseline variation originated mostly from the scattering of IR radiation from dried solid metabolites on a silicon slide. Therefore, the baselines of the spectra were initially corrected and zeroed at both 1800 and 960 cm -1 , and normalized by the area under the 1800 -960 cm -1 range. By using normalization, the unwanted spectral variations from different sample thicknesses at each measurement spot could be greatly reduced. The resulting normalized spectra are shown in Fig. 1(b) . Large spectral variations can be observed in the 1170 -960 cm -1 as well as 1800 -1590 cm -1 ranges.
Principal component analysis (PCA) was initially used to investigate how IR spectral features can be correlated with different strawberry ripeness stages. PCA is a widely accepted method to represent complex spectral data into much fewer dimensions using a principal component (eigenvector) and scores. 5 The entire spectral range (1800 -960 cm -1 ) was used for PCA, and all of the IR spectra were baseline corrected and normalized before performing PCA. Figure 2 shows the resulting score scatter plot using the first and second scores. The first and second factors describe 87.17 and 9.01% of the total variation presented in the dataset, respectively. When only using the first two factors, 96.18% of the total variation is described. Three groups are apparent in the score scatter plot. Using the first factor, differentiation between PG (pink-green) and YG (yellow-green) is possible, and differentiation between early and late growth stage can be realized using the second factor. The early growth stage includes PG and YG, while P (pink) and R (red) belong to the late growth stage. However, it was difficult to differentiate P and R due to their similar spectral features. The extracted metabolites at P and R stages are expected to be analogous.
To investigate the source of differentiation in more detail, we examined the first and second loading (factor), as shown in Fig. 3 . The first loading, which played an important role in discriminating the PG and PY samples, shows stronger emphasis on the 1200 -960 cm -1 range. The bands in this range are mainly from C-O stretching vibrations from the carbohydrate chains presented in pectin and cellulose, which are the major constituents of the cell wall, or lower molecular weight sugars, such as sucrose and fructose. [8] [9] [10] The C-O stretching absorptions from carbohydrate residues are featured at 1130, 1104 and 1051 cm -1 . Since the extraction condition and solvent used in this study was not sufficient to digest the strawberry cell walls, it would be reasonable to assume that lower molecular carbohydrate residues partially provide selective spectral features for the differentiation of ripeness stages. This result is consistent with those from other studies, where the concentration variations of soluble sugars in tomatoes and strawberries were observed at different stages of growth. 9, 10 The second loading imposes more weight on the 1730 cm -1 band along with the carbohydrate range. The 1730 cm -1 band corresponds to the amide I band combined from carbonyl stretching, C-N stretching and N-H bending. 11 The information found from the amide I band obviously helped to differentiate early and late growth stages; however, it is difficult to rationalize the relationship between the variation of protein structures and the ripeness stage at this moment by examining only the IR spectral features. Sophisticated analytical methods, such as HPLC and mass spectrometry, should be accompanied to elucidate any detailed biological pathways. Figure 4 (a) shows the average IR spectra of each ripeness stage. As discussed, the most dominant spectral difference is observed in the 1200 -960 cm -1 range. The band intensity and shape in this range are significantly changed from the YG stage to the PG stage. This spectral change derives the separation from the YG to the PG stage in the first score domain as shown in Fig. 2 . The additional band shifts between the early growth (YG and PG) and the late growth (P and R) stages, can be observed in the 1695 -1650 and 1285 -1200 cm -1 ranges. These ranges are magnified in Figs. 4(b) and (c) , respectively. The band around 1250 cm -1 (Fig. 4(c) corresponds to the stretching vibrations of PO2
-from the nucleic acids and the C-O 897 ANALYTICAL SCIENCES JULY 2007, VOL. 23 stretching vibrations from the carbohydrate residues. These band shifts help to provide the separation between the early and last stages in the second score domain. As discussed, the origin of the band shifts is difficult to rationalize with only IR information; however, it is reasonable to assume that there are substantial changes in the metabolites along with carbohydrate and amide residues.
NMR spectral feature and quantification of sugar content NMR spectra were also collected to evaluate any quantitative change of low molecular weight sugars (mono-and disaccharide), since there were non-overlapping peaks of these sugars. Figure 5(a) shows the average NMR spectra (full range) of each ripeness stage. We initially focused on the 5.5 -4.5 ppm range (magnified in the figure) where non-overlapping spectral features of α-glucose, β-glucose and sucrose can be found. Although it is hard to visually recognize the change in the band intensity, due to the small scale of the figure, three sugar bands clearly increase from the stage of YG to R. This is reasonable, since the sweetness of strawberries harvested in the later growth stage (P or R) is usually higher.
We have determined the concentrations of α-glucose, β-glucose and sucrose by generating calibration curves using each pure standard sample. The peak areas of each analyte were utilized to correlate with the standard concentration using a simple linear-regression method. For each case, the correlation coefficients were over 0.99.
The determined average concentrations of α-glucose, β-glucose and sucrose are summarized in Table 1 . The concentrations of all three sugars substantially increase from early to late growth stages. This result supports the idea that the lower molecular carbohydrate residues can provide partial spectral information for differentiation of the ripeness stage.
We also performed PCA using NMR spectral data. For this purpose, we used four different spectral ranges: 9.0 -0.5, 9.0 -6.0, 6.0 -3.0 and 3.0 -0.5 ppm. The first range used the whole spectral range and the second incorporated the proton peaks of aromatic compounds. The third and fourth ranges focused on information of carbohydrates and aliphatic compounds for discrimination, respectively. Figures 5(b) and (c) correspond to the magnified NMR spectra features in the 9.0 -6.0 and 3.0 -0.5 ppm ranges, respectively. Figure 6 shows the resulting score scatter plots using 4 different spectral ranges. The most noticeable differentiation was observed using the 9.0 -6.0 ppm range, where the spectral features of early and late growth stages can be clearly different from each other, as shown in Fig.  5(b) ; however, the discrimination using other 3 spectral ranges is not as distinct as observed in the 9.0 -6.0 ppm. This result supports the idea that the content of aromatic metabolites also play an important role for differentiation based on an examination of the NMR spectra.
It is hard to conclude which method is superior for discriminating the ripeness stage, since IR and NMR methods can provide complementary information; spectral information is also valuable for metabolic fingerprinting, as presented in this study. When simplicity and speed of measurement have to be taken into account for only metabolic fingerprinting, IR spectroscopy could be more advantageous than NMR spectroscopy, since a dry sample can be measured in a highthroughput mode.
Conclusion
The use of IR spectroscopy was successful to determine strawberry ripeness stages by utilizing information from all of the extracted metabolites. Even though NMR spectral features could also be selective, it is difficult to be employed for fast and high-throughput analysis. With the IR system used in this study, 384 samples can loaded onto one silicon slide, and the corresponding IR spectra can be collected automatically to handle large numbers of samples. We have shown only the feasibility of IR spectroscopy to determine strawberry ripeness 898 ANALYTICAL SCIENCES JULY 2007, VOL. 23 stages using a limited numbers of samples. Future research will be directed to perform practical metabolic fingerprinting using a large number of samples in conjunction with a more in-depth study to elucidate the relationship between the ripeness stage and metabolite identity.
